Abstract. This paper describes a new method for analysis/synthesis of textures using a non-parametric multi-resolution approach. In the analysis step the new technique clusters together structural features with the same visual appearance from an input texture using a standard pyramid-based decomposition. The synthesis is obtained through a sampling procedure constraining the distribution of the spatial characteristics at lower resolution. This is realized through a new data structure called frequency tree.
Introduction
Statistical regularities are good tools to model and understand the complex stochastic nature of basic textural elements: indeed qualitative statistical texture analysis occurs in the human visual system (Bergen et al. 1993 ). Techniques to learn and to reproduce the generative process of a texture, have been extensively investigated for their applications and for the insights that they can bring in understanding human vision. Goal of the texture synthesis is to create a texture which is at the same time, random and perceptually not distinguishable from the original.
The idea of using multi-resolution analysis and synthesis for pattern and textures has been investigated by many Heeger and Bergen 1995; , but a practical and efficient way to reproduce faithfully a natural texture acquired from the physical/natural world is yet to be found. The new algorithm proposed in this paper, similarly , uses a pyramid-based technique in order to analyze the details of the textures in input. What we try to do differently is to use cluster analysis at several resolution levels to speed up by an important factor the synthesis of a texture. Similar ideas have been discussed in a very different context by Lepsoy and Oien (1994) and Ramamurthi and Gersho (1986) . In this way we are able to compact together the regions with similar structural characteristics with respect to a well-defined feature detector.
The synthesis of new textures is obtained sampling from the distribution built in the analysis phase. Such a distribution is constrained by the relative history of the frequencies with respect to the various clusters at each level (see below for more details). The main advance offered by this approach with respect to previous known methods is a better computational efficiency at synthesis phase together with the ability to reproduce an exhaustive set of real textures. Experimental results show that the proposed algorithm works up to 5 times faster than the algorithm in .
The paper is arranged as follows. The next section reviews some previous results in the literature. Section 3 describes the details of our approach. Results are reported and discussed in Section 4 and, finally, conclusions and directions for future research are sketched in Section 5.
Texture Model and Synthesis
Analysis and synthesis of textured images is generally restated as a statistical inference problem. According to this approach all the relevant information about a texture are obtained filtering the input pattern with a suitable linear or non-linear filter bank. The most updated statistical theory for texture modeling can be found in Zhu et al. /1998 where filtering theory, information theoretical arguments and Markov Random Field (Cross and Jain 1983) are combined together. Equally important in pattern synthesis is the multi-resolution approach: almost all recent studies regarding texture modeling take this approach with the standard Laplacian and Gaussian pyramid decomposition (Burt and Adelson 193; Ogden et al. 1985) . Heeger and Bergen pioneered this methodology in 1995. They propose an iterative procedure with an internal equalization of the relative histograms. Their algorithm synthesizes textures using first order statistics of the distribution of image energy as a function of position, scale, frequency and orientation. Although powerful this approach is not able to reproduce complex and/or highly stochastic textures.
More recently, in 1997, De Bonet has proposed an effective and qualitatively more expressive sampling methodology; he introduces a multi-resolution sampling procedure in which each particular RGB value of the pixels is constrained, at every level of the Laplacian pyramid, by its history with respect to the lower resolution levels. The data structure used by De Bonet to keep track of this history is called parent vector of a pixel. The parent vector of a pixel hence, is a structure whose components are the local response for each feature at every lower resolution. To capture the effective features of a particular texture each level of the Gaussian pyramid is convoluted with a filter bank containing simple edge and line detection operators. The underlying hypothesis of this sampling methodology is that, in texture images, some features are more recognizable at certain resolutions than other. The value of each pixel is successively sampled from a set containing all the pixel values whose parent structure is close with respect to a given measure of similarity. This algorithm models well a large set of real textures but it is computationally very expensive. One of its bottlenecks is in the sampling step: classes of pixels with similar parent structures are not available explicitly and sampling is realized considering each time the whole population until a sufficiently good sample is found. We propose two major improvements over De Bonet's work. First of all we are able to obtain a dramatic speed up of the algorithm implementing, together with few of the heuristic proposed by De Bonet himself, the novel idea of reducing the sampling space through a suitable clustering at each level of the resolution pyramid. The second significant result comes as a by-product of the clustering heuristic: we obtain an explicit statistical model of the input texture. This model (called frequency tree) is described as a tree data structure that contains information about the co-occurrence of features at the different resolution levels. It is important to observe that in our approach, the frequency tree has to be computed only once for an input texture. Successive generation of similar textures does not require the repetition of the relatively costly clustering procedure. The interest of the frequency tree goes beyond the synthesis of a pattern: we claim that they can be used as statistical signatures of a texture and hence can be of great help in pattern recognition and in image database retrieval.
Our Approach
We proceed in two distinct phases. First the input image is analyzed with respect to its structural components at different resolutions. On the basis of the information collected, it is possible to sample the synthesized texture. The details of our technique are reported below.
Analysis phase
The input texture I is decomposed following a standard pyramid-based procedure. This operation allows to detect some features of the particular texture under observation, at different levels of resolution. Denote with G 0 =I , G 1 , … , G N and respectively with L 1 , … , L N-1 the corresponding octave-spaces of the Gaussian pyramid and of the Laplacian pyramid.
Each Gaussian octave G i is hence convoluted with a collection of simple edge and line detection filters. Texture features are hence the output of such filters. In particular, following the original De Bonet's proposal, we use 3x3 Sobel filters and binomial filters.
Using the information obtained from such convolutions, each Gaussian octave is clustered. Clustering is a process to partition a given set of pixels in a set of k smaller subgroups, by the use of a resemblance or difference measure. As a difference measure we have adopted, in the experiments, a simple isotropic euclidean distance in the feature space. Better results could be found, at higher computational cost, using a more perceptual difference measure. Clustering is an essential tool for data analysis and has taken a central role also in vision algorithms (Chi et al. 1996) . Many techniques have been developed for clustering data: c-means clustering, adaptive vector quantization (AVQ), and the self-organizing map (SOM) (Chi et al. 1996; Dickerson and Kosko 1993; Kohonen 1990 ). In our experiments we adopted a simple hard c-mean clustering procedure. Fig. 1 . A standard Gaussian-pyramid and its corresponding clustering Figure 1 shows, with different gray tones for each cluster, the partition obtained at the successive Gaussian octaves of a given input texture. The number of clusters to consider is important for the quality of final results. We found experimentally that, at high and middle resolution, five clusters are generally a good choice. At lower resolution a smaller number of cluster could be safely used, however, for sake of an homogeneous implementation we adopted five clusters for every level without noticeable losses in quality and efficiency. Denote with P ij , i=0, …, N-1 , j=1, … , k i the j-th cluster obtained at the i-th resolution level. Hence at level i we have k i different clusters. The knowledge of P ij classes allows to generate an history of each pixel and its immediate neighbors along the various pyramid levels. In particular, we compute the relative frequencies of each cluster at level i with respect to the clusters at the lower resolution level i+1. The information gathered in this way is organized in a tree summarizing the statistical properties of the pixel population. We refer to this tree as the frequency tree of the input texture. The tree has height equal to the number of pyramid levels, while the numbers of possible paths is equal to k 1 x k 2 x .. x k N-1 . Each leaf corresponds to a set of pixels: all the pixels in the same leaf share the same history at different resolutions.
Synthesis phase
The synthesis of a new texture relies on an explicitly computed statistical model i.e. the frequency tree built in the analysis phase. The procedure goes as sketched below. 
Phase 0
Reconstruction of lowest resolution level.
Phase 1
For every successive level i: -Assign every pixel at this level to one of the clusters P i1 ,…P iki respecting relative frequencies using frequency tree. In this way every pixels has, up to the i-th level, a complete history. Observe that the pixels in a 2x2 square have a common history up to the (i-1)-th level. It is at this step that they may stray down different paths of the frequency tree. Every 2x2 square, hence, can be characterized by a common history, up to level (i-1), for its four pixels, and by the four labels of the cluster assigned to each pixel at the i-th level. Let (h, j 1 , j 2 , j 3 , j 4 )=h Q denote the history of the square Q. -For each 2x2 square Q at this level assign a 2x2 square of Laplacian triplets chosen from the 2x2 square of Laplacian triplets in the input texture, at the corresponding level, that are characterized by the same vector h Q .
Phase 2
Collapse the pyramid into a unique new texture.
The process is summarized in Fig. 2 . For each location at each level we have to perform two simple constrained random samplings: one is to assign a pixel to a cluster, the other to obtain the corresponding quartet of Laplacian RGB values. For a 2 N x 2 N texture, where the analysis has been carried out at N resolution levels the proposed method requires O(2 2N ) random sampling operations. This upper bound cannot be guaranteed in the De Bonet's procedure: there random sampling has to be performed at each level over the whole pixel population. This require to visit, for each location to be sampled, all the corresponding parents vectors relative to all pixels in the corresponding input-pyramid, until a suitable pixel value is found. The advantage of our approach is already evident in synthesizing a texture of the same dimension than the original. The difference in performance between the two method becomes greater if a larger than the original texture has to be synthesized as shown from the data reported in the next section.
Experiments and discussion
In this Section we report the results obtained. We have implemented the algorithm described above and an optimized version of De Bonet's algorithm in MatLab 5 on a Pentium II 350Mhz, 64 Mb. Using these homogeneous implementations we have processed several input patterns of 64x64 pixels. Our analysis of the pattern generally requires a longer time than De Bonet's but we go much faster in the synthesis phase. Moreover, texture images of arbitrary dimension can be generated once the frequency tree of an input texture has been computed and stored. Table 1 shows the average time obtained in our implementation for the two algorithms. A typical texture reconstructed from Fig.3 .a or Fig.3 .e with our algorithm is compared with the reconstruction obtained with De Bonet's algorithm in Fig. 3 .b/3.c and Fig  3. f/3.g. It is evident that the performance of our approach is very good, although a slight loss can be observed for example comparing Fig.3 .b on 3.c. We have found that a better quality of reconstruction can be obtained taking a mixed approach: instead of randomly sampling from a cluster for the Laplacian RGB values, we look for the best values among those in the cluster. Here best means closest in the De Bonet's parent vector sense. Timing of this mixed approach are also reported in Table 1 . Texture reconstructed with the mixed approach are reported in Fig.3 .d and Fig.3 .h. It is evident Table 1 that they are of the same quality than the reconstruction in Fig.3 .c and Fig.3 .g. Other textures synthesized with the mixed approach are reported in Fig.4 . Crucial to the class of textures that can be learned with our multi-resolution approach are the filters applied to the input texture before clusterization. A blind mixture of them can guarantee, in general, only half successful results. This comes not as a surprise: have strongly stressed the need to include in the learning process also the discrimination of an information-theoretical optimized mixture of filters.
Less crucial appears, on the other hand, the clustering procedure adopted and the number of cluster chosen for every resolution level. All of the experiments have been realized partitioning pixel, at every resolution level, into four/five clusters. A higher number of clusters gave no improvements, while results with fewer clusters produced unsatisfactory results.
Conclusions and Future Works
This paper proposes an efficient multi-resolution clustered sampling procedure able to synthesize real texture images. Experimental results have been reported in order to prove the effectiveness of the new approach. The application of the ideas introduced here to discriminate texture images and measure their degree of similarity in real applications (e.g. SAR images) is object of our actual research. In particular it would be interesting to see how the proposed method would perform in texture classification/segmentation, in comparison to other mainstream paradigms. Fig. 4 
